Conductometric monitoring of drug-gene and drug-protein interactions is of fundamental importance in functional proteomics. Here, we model our previously obtained findings and characterizations of an important antiblastic used in neuro-oncology (Temozolomide), interacting with selected proteins that represent predictive biomarkers of the rate survival of the patients, of the outcome of chemotherapy and resistance to drug itself (namely, BRIP1 and MLH1) acquired with Nucleic Acid Programmable Protein Arrays (NAPPA)-based nanoconductometric sensor. Quasi-SMILES which are analogies of the traditional SMILES (simplified molecular input-line entry systems) used to represent molecular structure are suggested as a tool to represent complex substances which are acting under different conditions (dose, different peptides). By means of the optimal descriptors quasi-QSPR for conductance and frequency are established. Statistical quality of these models is satisfactory.
Introduction
Conductometric monitoring of drug-gene and drug-protein interactions is of fundamental importance in the broad field of functional proteomics [1] [2] [3] [4] [5] [6] [7] [8] . Here, we model our previously obtained findings and characterizations of an important antiblastic used in neuro-oncology (Temozolomide), interacting with selected proteins that represent predictive biomarkers of the rate survival of the patients, of the outcome of chemotherapy and resistance to drug itself (namely, BRIP1 and MLH1) acquired with Nucleic Acid Programmable Protein Arrays (NAPPA)-based nanoconductometric sensor [9] [10] [11] .
The classic quantitative structure-property relationships (QSPRs) are a tool to predict physicochemical endpoints related to various substances which are represented by their molecular structure via correlations of different endpoints with various molecular descriptors calculated with the molecular graph [12] [13] [14] [15] [16] [17] [18] [19] or SMILES [20] [21] [22] [23] [24] .
However, during last decade the considerable number of substances where the molecular structure cannot be involved in the QSPR research have been recognized as an important component of the everyday life [25] [26] [27] . These substances are different polymers, proteins, and nanomaterials. In the cases of the
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The N TRN (A k ) is the number (frequency) of SMILES which contain A k in the training set;
The N TRN is the total number of SMILES in the training set;
The N CLB (A k ) is the number (frequency) of SMILES which contain A k in the calibration set;
The N CLB is the total number of SMILES in the calibration set.
The defect(A k ) = 1, if A k absents in the calibration set.
The logic: If the probability of an attribute be in the training set is equal to the probability of the attribute in the calibration set it is the ideal situation and the defect is zero. However, this situation is not typical, i.e. the difference between the probability of an attribute in the training set and the probability of the attribute in the calibration set is not zero. Under such circumstances, the frequency of an attribute in the training set and in the calibration set also should be taken into account: if these are small then the defect of the attribute must be larger. Finally, if A k is absent in the calibration set, the defect(A k ) is maximal. Thus, the measure calculated with Equation 9 can be used for estimation of the statistical significance of A k (Table 3) involved in building up model.
The criterion definition of domain of applicability for a quasi-SMILES. Having the numerical data on conductance one can estimate reliability of the model for a representation of protein behaviors under different concentration of drug(s) by a quasi-SMILES (Table 2) : the basic hypothesis is "the probability of the quasi-SMILES to be in the domain of applicability is inversely proportional of sum of A k -defects above-mentioned substances quasi-QSPR can be involved as a tool to predict their physicochemical endpoints.
Results
The above-mentioned eclectic data for the case of the frequency in Hz (F), and conductance in mS (G) are represented by Tables 1 and 2 . Quasi-SMILES are a tool to represent new paradigm and Endpoint = F (Eclectic data), where Eclectic data is all conditions (controlled or observed) which have influence on results of experiments. The correlation weights of elements of quasi-SMILES give possibility to establish influence of various conditions for results of experiments. Indeed, quasi-SMILES are not traditional SMILES. Tables 1  and 2 contain description of codes utilized to build up quasi-SMILES. This approach is actually need in the case small data related to complex experiments.
The quasi-SMILES used as the basis of building up the models are represented together with numerical data on the endpoints (G and F) in Table 3 .
According to OECD principles the traditional QSPR should have defined domain of applicability. For the case of the quasi-SMILES the domain of applicability is defined according to the following principles.
The measure of statistical quality of attributes A k which are involved to build up model can be estimated as the following:
where the P TRN (A k ) is the probability of presence of the SA k in SMILES of the training set, i.e.
The P CLB (A k ) is the probability of presence of the A k in SMILES of the calibration set, i.e. 
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If the Defect-quasi-SMILES calculated with Equation 2 is equal to zero this is an ideal situation. However, in praxis, the ideal situation is rare. Consequently, one should define some limitation for the Defect-quasi-SMILES value. The possible selection for the limit is the following:
..…. (3) where Defect-quasi-SMILES is average of the Defectquasi-SMILES for the training set.
The inequality 3 should be classified as a semi-qualitative criterion, because the large value of the Defect-quasi-SMILES is not the guarantee, the prediction for substance represented by the quasi-SMILES will be poor, and vice versa, the small value of the Defect-quasi-SMILES is not the guarantee that the prediction will be good. However, "probabilistic" meaning of this criterion is quite transparent. 
Method
Nanogravimetry makes use of functionalized piezoelectric Quartz Crystals (QC), which vary their resonance frequency Defect-quasi-SMILES < 2 Defect-quasi-SMILES * 
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(f ) when a mass (m) is adsorbed to or desorbed from their surface [28] [29] [30] . This is well described by the well-known Sauerbrey's equation: 0 ∆ = − f / f m / A l ρ where, f 0 is the fundamental frequency, A is the surface area covered by the adsorbed molecule and ρ and l are the quartz density and thickness, respectively. Quartz resonators response strictly depends on the biophysical properties of the analyte, such as the viscoelastic coefficient. The dissipation factor (D) of the crystal's oscillation is correlated with the softness of the studied material and its measurement can be computed by taking into account the bandwidth of the conductance curve 2Γ, according to the following equation:
where, f is the peak frequency value. In our analysis, we introduced also a "normalized D factor", DN, that we defined as the ratio between the halfwidth half-maximum (Γ) and the half value of the maximum value of the conductance (G max ) of the measured conductance curves [4, 5] :
DN is more strictly related to the curve shape, reflecting the conductance variation [4, 5] .
The QCM_D instrument was developed by Elbatech (Elbatech srl, Marciana-LI, Italy). The quartz was connected to an RF gain-phase detector (Analog Devices, Inc., Norwood, MA, USA) and was driven by a precision DDS (Analog Devices, Inc., Norwood, MA, USA) around its resonance frequency, thus acquiring a conductance versus frequency curve ("conductance curve") which shows a typical Gaussian behaviour. The conductance curve peak was at the actual resonance frequency while the shape of the curve indicated how the viscoelastic effects of the surrounding layers affected the oscillation. The QCM_D software, QCMAgic-Q5.3.256 (Elbatech srl, Marciana-LI, Italy) allows to acquire the conductance curve or the frequency and dissipation factor variation versus time. In order to have a stable control of the temperature, the experiments were conducted in a temperature chamber. Microarrays were produced on standard nanogravimetry quartz used as highly sensitive transducers. The QC expressing proteins consisted of 9.5 MHz, ATcut quartz crystal of 14 mm blank diameter and 7.5 mm electrode diameter, produced by ICM (Oklahoma City, USA). The electrode material was 100 Å Cr and 1000 Å Au and the quartz was [4, 5] . The NAPPA-QC arrays were printed with 100 spots per QC. Quartzes gold surfaces were coated with cysteamine to allow the immobilization of the NAPPA printing mix. Briefly, quartzes were washed three times with ethanol, dried with Argon and incubated over night at 4 °C with 2 mM cysteamine. Quartzes were then washed three times with ethanol to remove any unbound cysteamine and dried with Argon. Plasmids DNA coding for GST tagged proteins were transformed into E. coli and DNA were purified using the NucleoPrepII anion exchange resin (Macherey Nagel). NAPPA printing mix was prepared with 1.4 µg uL −1 DNA, 3.75 µg uL −1 BSA (Sigma-Aldrich), 5 mM BS3 (Pierce, Rockford, IL, USA) and 66.5 µg polyclonal capture GST antibody (GE Healthcares). Negative controls, named master mix (hereinafter abbreviated as "MM"), were obtained replacing DNA for water in the printing mix. Samples were incubated at room temperature for 1 h with agitation and then printed on the cysteamine-coated gold quartz using the Qarray II from Genetix. In order to enhance the sensitivity, each quartz was printed with 100 identical features of 300 microns diameter each, spaced by 350 microns center-tocenter. The human cDNAs immobilized on the NAPPA-QC were: MLH1 (mutL homolog 1) and BRIP1 (BRCA1 interacting protein C-terminal helicase 1). Gene expression was performed immediately before the assay, following the protocol described by Spera et al. [4] . Briefly, IVTT was performed using HeLa lysate mix (1-Step Human Coupled IVTT Kit, Thermo Fisher Scientific Inc.), prepared according 5. Estimation of the model with data distributed into external validation set. Data on the training set and calibration set are "visible" during building up the model, whereas data on the validation set are "invisible" during building up the model. to the manufacturers' instructions. The quartz, connected to the nanogravimeter inside the incubator, was incubated for 10 min at 30 °C with 40 µL of HeLa lysate mix for proteins synthesis and then, the temperature was decreased to 15 °C for a period of 5 min to facilitate the proteins binding on the capture antibody (anti-GST). After the protein expression and capture, the quartz was removed from the instrument and washed at room temperature, in 500 mM NaCl PBS for 3 times. The protocol described above was followed identically for both negative control QC (the one with only MM, i.e., all the NAPPA chemistry except the cDNA) and protein displaying QC. After protein expression, capture and washing the QCs were used for the interaction studies QC displaying the expressed protein was spotted with 40 µl of drug solutions in PBS at increasing concentrations at 22 °C. Reproducibility of the experiments was assessed computing the Coefficient of Variation (CV, or σ*), using the following equation:
where, σ is the standard deviation and µ is the mean. We also tested the possibility to analyze drug-protein interactions in QC displaying multiple proteins. For this aim, we coprinted cDNA for BRIP1&MLH1 on a single QC. We analyzed the interaction response to TMZ on both NAPPAexpressed QCs. We analyzed the interaction between BRIP1, MLH1 and TMZ drug solutions at different concentrations to analyze the binding kinetics after protein expression and capture the expressing QC was spotted, in sequence, with 40 µL of increasing Temozolomide solutions of concentration: 1, 2, 5, 10, 20, 50, 100 and 200 µg mL −1 . As negative control we analyzed the interaction between BRIP1/FANCJ, a helicase initially linked to breast cancer [31] and to Fanconi anemia and TMZ, while MLH1, which is a protein involved in DNA mismatches repair, is known to interact with TMZ.
The basic idea of the quasi-QSPR is replacing of the classic paradigm
Endpoint = F(Molecular structure)
by the new paradigm
Endpoint = F (Eclectic data).
It is to be noted the molecular structure (sometimes fragments of the molecular structure) can be involved in building up a predictive model. In this case one faced with a hybrid paradigm Endpoint = F (Molecular structure and Eclectic data). Figure 3 shows the generalized illustration for the situations where above new paradigms can be used to solve the practical tasks.
In practical aspect, the process of build up a model can be defined as the following:
1. Selection of eclectic data (impacts which can have influence to endpoint of interest); 2. The representation of these data by means of SMILES like lines, which can be named as "quasi-SMILES"; 
Endpoint = C0 + C1* DCW(Threshold,N)
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The threshold is parameter in order to define rare (noise) impacts. These should be removed from the modeling process. The N is number of epoch of the optimization. The number of epochs of the Monte Carlo optimization will be too large the statistical quality of the model for the training set will be increase but the statistical quality of the model for calibration set will be step by step decrease. Thus, one should define the number N which produce maximal statistical quality for the calibration set. Figure 4 shows the graphical interpretation of the selection preferable Threshold (T*) and the N (N*).
Conclusions
Thus, described approach gives satisfactory prediction for both endpoints, Unfortunately, the statistical quality and the domain of applicability of the model are dependent upon the distribution into the visible training and calibration sets and invisible calibration set, however, in the case of available large datasets this influence will be decreased, the main idea: prevalence of elements of quasi-SMILES in training and in validation sets be as identic as possible. This approach has been tested in several research works, by and with authors from various countries [32] [33] [34] [35] [36] [37] [38] .
